Environmental pollution is a worldwide problem, and metals are the largest group of contaminants in soil. Microarray toxicogenomic studies with ecologically relevant organisms such as springtails, supplement traditional ecotoxicological research, but are presently rather descriptive. Classifier analysis, a more analytical application of the microarray technique, is able to predict biological classes of unknown samples. We used the uncorrelated shrunken centroid (USC) method to classify gene expression profiles of the springtail Folsomia candida exposed to soil spiked with six different metals (barium, cadmium, cobalt, chromium, lead, and zinc). We identified a gene set (classifier) of 188 genes that can discriminate between six different metals present in soil, which allowed us to predict the correct classes for samples of an independent test set with an accuracy of 83% (error rate = 0.17). This study shows further that in order to apply classifier analysis to actual contaminated field soil samples, more insight and information is needed on the transcriptional responses of soil organisms to different soil types (properties) and mixtures of contaminants.
Introduction
Environmental pollution is a worldwide problem, and soil contamination has been identified in Europe as one of the most serious threats to the ability of soil to function properly (Rodrigues et al., 2009) . Metals are the largest class of soil pollutants in the European Union, followed by mineral oil and polycyclic aromatic hydrocarbons (Rodrigues et al., 2009) . Soil pollution assessment using only chemical analyses is inadequate, because the actual concentrations of contaminants alone are not indicative for effects on soil-living organisms (Peijnenburg et al., 2007) . Harmful effects of soil contaminants on organisms depend on various interactions between physico-chemical factors such as: soil type, soil structure, and bioavailability; and species-specific factors such as: uptake routes, elimination kinetics, etc.
Therefore, additional toxicological methods (bioassays) are necessary to evaluate soil quality.
Soil-living invertebrates such as earthworms and springtails (Collembola) are suitable indicator species for soil ecotoxicological assessment, since they are abundant and crucial for the terrestrial ecosystem. Traditional bioassays however, focus only on a very limited number of endpoints, such as survival or reproduction. New genomic methods, and especially the microarray technology, have recently aided classical environmental and ecological toxicology primarily by elucidating modes of action of soil pollutants (Nota et al., 2008; van Straalen and Roelofs, 2008) . Nevertheless, to date, these environmental toxicogenomic studies have mostly been descriptive rather than analytical. A more analytical (or diagnostic) use of the microarray technology is classifier analysis.
Microarray classifier analysis (e.g., discriminant analysis, supervised clustering or machine learning) is a powerful tool to identify a set of genes that is able to distinguish different biological classes. The principle of this method is to use prior knowledge about samples to define classes, and let an algorithm select a subset of genes that differ in expression between the given classes. Subsequently, the selected gene set (classifier) is used to predict unknown (or blinded) samples into the defined classes. Classifier analysis has been successfully applied in cancer research, e.g., to identify types of tumors (Golub et al., 1999) , predict disease outcome (Shipp et al., 2002) , or predict response to therapy (van't Veer et al., 2002) . Also in the field of toxicogenomics, classifier analysis has successfully aided the search for discriminatory gene sets that predict different classes. Classifiers have been reported that predict, e.g., mode of action of compounds (Hamadeh et al., 2002) , genotoxic potential of carcinogenic agents (Uehara et al., 2008; van Delft et al., 2005) , and the organ-specific action of pharmaceutical compounds (Thukral et al., 2005) . In environmental and ecological toxicogenomic research, however, only few microarray classifier analysis studies have thus far been reported. Moens et al. (2006) exposed fish to anthropogenic compounds and reported a discriminatory gene set able to distinguish the different compounds. Falciani et al. (2008) reported a study, with fish as well, wherein they could predict geographical origin of the fish. The studied fish originated from different sampling sites of different pollution status. Yet, another study reported a classifier that could predict soil toxicity in earthworms (Svendsen et al., 2008) . The classifier distinguished worms that were exposed to either clean or contaminated soil.
Heavy metals are a group of ubiquitous environmental pollutants, especially in soils and sediments. Despite the common name of the group, metals represent a great variety of toxicological modes of action. Many transition metals have a typical electrophilic action spectrum and cause disturbance of the cellular redox state. Also, metal-specific actions are exerted such as replacement of ions and inhibition of specific enzymes or transporters (Goyer, 1997; Valko et al., 2005) . It is obvious from previous metal toxicity studies that each metal should be considered a case of its own, despite some overlap of the action spectra.
In this study we investigated the use of classifier analysis, in order to find a gene set that is discriminative between different metals within soil, using gene expression profiles of the springtail Folsomia candida. This springtail is frequently used for soil toxicity assessment (Fountain and Hopkin, 2005) , and shows early gene expression responses to soil contamination (Nota et al., 2009; Nota et al., 2008) . The uncorrelated shrunken centroid (USC) method (Yeung and Bumgarner, 2003) was used to select a classifier that distinguishes soil samples containing one of six different metals. The six metals (barium, cadmium, cobalt, chromium, lead, and zinc) were evaluated at different concentrations. An appropriate validation of a classifier is to predict the correct classes for independent samples that were not used to generate the classifier (Quackenbush, 2006) , which implies that cross validation within one dataset is not sufficient. Therefore, we chose to split our data into a 'training' set and an independent 'test' or 'validation' set prior to our analysis.
Materials and methods

Metal toxicity experiments
The collembolan Folsomia candida ('Berlin strain'; VU University Amsterdam) was used for toxicity experiments. Animal rearing and age synchronization was done according to Nota et al. (2008) , and toxicity experiments were performed following standardized methods (ISO, 1999 20, 40, 80, 160, 320 (cadmium); 150, 225, 337.5, 506.3, 759.4 (cobalt); 20, 30, 45, 67.5, 101.3 (chromium); 250, 500, 1000, 2000, 4000 (lead); and 75, 150, 300, 600, 1200 (zinc) . The moisture levels of the soil were ~22% (w/w), which is 50% of the water holding capacity. Non-spiked LUFA 2.2 soil was used as control. The prepared soil was aged (equilibrated) in closed plastic containers at 20°C for two weeks before the exposure experiments. For the exposure soil was divided into 100 mL glass jars (~30 g soil per jar), which were closed with plastic screw lids.
Each treatment (metal concentration and control) had five replicate jars. Ten age synchronized (10 days old) animals were added to each (randomly selected) jar, and the experiment was done at 20 ± 1°C, 75% humidity, and with a 12 hour light/dark cycle. As a nutrient dried baker's yeast granules were added to each jar at the beginning of the experiment and further once weekly when needed. Twice a week the jars were opened for aeration and the moisture levels were replenished after two weeks by addition of demineralized water. After 28 days the experiment was ended by filling the jars with 100 mL tap water where after their contents were transferred to a glass beaker, and the animals were extracted from the soil by means of floatation. The floating animals were photographed, and juveniles were counted using cell D software (Olympus). EC10 and EC50 values for reproduction (the concentration of metal at which juvenile production was reduced 10% and 50% of the controls, respectively) were estimated using the "drc" package (Ritz and Streibig, 2005) in the R (2.7.1) software environment (http://www.R-project.org/). et al., 2008) . A 28 days exposure test was also performed on these two field soils, under similar conditions as described above, to determine whether the two field soils had a significant effect on reproduction, compared to LUFA 2.2 reference soil. The moisture levels of PLO and Noy were adjusted to 50% of the water holding capacity, which were ~18% and ~22% (w/w), respectively. A two-tailed t-test (twosample unequal variance) was used in Microsoft Excel and a p < 0.05 was considered significant.
Microarray experiment
For gene expression analysis, LUFA 2.2 soil was spiked with one of the six metals at two different concentrations (EC10 and EC50), using the same solutions and method as described above. Each treatment had four replicate jars, 30 age-synchronized (23 days old) animals were added to each jar and were exposed for two days at the same experimental conditions as the toxicity experiment. Previous studies showed that a two day exposure already generated compound specific gene expression profiles in F. candida (Nota et al., 2009) . The exposure for the microarray experiments was done in two separate series. In the first series animals were exposed to Ba, Cd, Pb, and Zn and in the second series to Co and Cr. In each series animals were also exposed to non-spiked (clean) soil (LUFA 2.2). The second series of experiments included the two contaminated field samples as well, PLO and Noy. Like in the toxicity experiments, animals were extracted from soil by means of floatation using 100 mL tap water. They were scooped from the water surface using a small spoon, and placed on a substrate of plaster of Paris mixed with charcoal to remove surplus water. Subsequently, they
were taken from the substrate, transferred to 1.5 mL tubes and snap frozen in liquid nitrogen.
Total RNA was extracted from animals recovered from each replicate using the SV Total RNA Isolation system (Promega), which included a DNase treatment. 500 ng input of total RNA was used for amplification and labeling with the Quick Amp Labeling Kit, two-color (Agilent Technologies), according to the manufacturer's guidelines with a slight modification where the transcription (labeling) reactions were done in half the volume. Labeled and amplified cRNA was purified using RNeasy (Qiagen), and the Gene Expression Hybridization Kit (Agilent Technologies) was used for hybridization, which was done at 65°C for 17 h rotating at 10 rpm in an incubator. The RNA isolates were kept separate, and considered as biological replicates; therefore each treatment (or control) group contained four biological replicate samples. Half of the biological replicates of each treatment group were labeled with the fluorescent dye Cy3 and the other half with Cy5. The hybridization design is shown in Supplementary Fig. S1 , and is suitable for separate channel analysis of two-color 
Microarray data analysis
Spot intensities were measured with Feature Extraction (9.5.1.1) Software (Agilent Technologies). Quality control was done by making MA-plots of each hybridization and box plots of the intensities in each channel (see Supplementary Fig. S2 ). The "Expected LogRatio vs Observed LogRatio" of the Agilent spike-in control probes, showed R^2 values between 0.786 and 0.994. One hybridization, which consisted of a Zn (EC10) exposed replicate sample and a Noy field replicate sample, did not pass quality control (hybridization failed twice due to leakage), and was therefore excluded from further analysis. Preprocessing and normalization were done in the "limma" (2.14.5) package (Smyth, 2004) from R (2.7.1). This consisted of Edward's background correction (Edwards, 2003) , and quantile normalization between the arrays. For each gene of each hybridized sample the average (log 2 transformed) fluorescent expression value (intensity) was calculated separately (instead of using ratios).
Separate channel analysis of two-color microarrays was used, since it allows comparison of samples which are not hybridized to the same array, without using common reference designs, and it leaves the possibility open for additional (future) hybridizations ('t Hoen et al., 2004) . The dataset (62 samples) was divided in two separate sets for the classifier analysis; a 'training' and a 'test' set. The training set contained three biological replicate samples of each metal concentration treatment, and seven replicate samples of the non-spiked LUFA 2.2 soil (43 samples in total). The test set was generated by random selection of one biological replicate sample from each metal concentration, except for Zn (EC10), because this treatment had only three replicates left. From the eight non-spiked control samples, one replicate was randomly picked and put in the test set. Hence, the test set contained 12 samples in total.
Prediction, using the classifier, was also performed on the field samples Noy (three replicates) and PLO (four replicates). The training set was used to build a classifier using the Subsequently, hierarchical clustering was done using only the classifier set of genes.
Multiscale bootstrap resampling was done with the "pvclust" (1.2-0) package (Suzuki and Shimodaira, 2006) from R (2.7.1) to compute p-values for each of the clusters. Annotation of the genes was performed using blastx (e-value < 1e-05) in Blasto2GO (2.3.6) software (Conesa et al., 2005) . Gene Ontology (GO) terms were derived, like described in Timmermans et al. (2007) , from http://www.geneontology.org/ (e-value < 1e-08). GO term enrichment analysis was done for molecular function, using the weight function from the "topGO" (1.4.0) package (Alexa et al., 2006) in R (2.6.2). GO terms with more than one gene present on the microarray, and a p < 0.05, were considered significantly enriched. Raw and processed microarray data are available from Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo/) under accession number GSE19353.
Cobalt measurement in soil
Actual (total) and CaCl 2 -exchangeable cobalt concentrations in soil were determined at the end of the (microarray) exposure experiment (T = 2 days) in: non-spiked control LUFA 2.2;
Co (EC10 and EC50) spiked LUFA 2.2 soil; Noy; and PLO. For the actual concentration, ~130 mg dried soil was mixed with 2 mL of aqua regia (HNO 3 :HCl, 4:1) and was incubated for 7 h at 140°C. After incubation (destruction), the samples were cooled to room temperature, and 8 mL demineralized water was added. The samples were kept at 4°C until Atomic Absorption Spectrophotometer (AAS) analysis. For the CaCl 2 -exchangeable concentration, 5 g of dried soil was mixed with 25 mL of 0.01 M CaCl 2 , and was shaken at 200 rpm for 2 h and left overnight. Thereafter the samples were filtered through 0.45 μm pore membranes and kept at 4°C before AAS analysis. Concentrations of Co were measured by flame AAS using a Perkin Elmer AAnalyst 100 spectrophotometer at a wavelength of 240.7 nm.
Results
Effect of metals on reproduction
In toxicity tests the nominal metal concentrations were estimated that reduced reproduction of Folsomia candida by 10% and 50% compared to control (EC10 and EC50, respectively). The dose-response curves are shown in Supplementary Fig. S3 . The estimated EC10 and EC50 values, with their 95% confidence intervals (ci), are given in Table 1 . For each metal the estimated EC10 and EC50 95% confidence limits did not overlap, except for chromium.
Classification of metals
Soil samples were spiked with each of the six metals separately, using EC10 and EC50
concentrations. We used the USC method (Yeung and Bumgarner, 2003) for classification of the six metals and non-spiked soil, and identified a classifier of 188 genes (using Δ = 1.0 and ρ = 0.6). The genes and their blast sequence description are shown in Supplementary Table   S1 . During cross validation within the training set, on average 147.8 genes were used and 1.4 errors occurred. We then predicted the class for each of the training set samples, using the 188 genes, and classified all 43 samples correctly (see Table 2 ). Subsequently, the 188 genes were used for prediction of the test set. In the test set 2 out of the 12 samples were misclassified (see Table 2 ), which is an error rate of 0.17. The two misclassified samples were Cd (EC50) and Pb (EC50), which were both classified as Zn. Classifier analysis on the same dataset using random forests (Breiman, 2001) , gave rather similar results, but yielded a higher overall error rate (data not shown). Hierarchical cluster analysis, using the average intensities of each treatment, is shown in Fig. 1 , and bootstrap p-values are shown in Supplementary Fig. S4 . From this analysis it becomes clear that the 188 gene classifier clusters the different exposure concentration treatments (EC10 and EC50) of the same metal together (see Fig. 1B ). Distinct clusters for each metal were derived, except for Zn, which was clustered close to Pb. The two LUFA 2.2 soil (non-spiked control) treatments clustered together, as well. The field soil treatments, Noy and PLO, clustered most closely to the Co cluster. 
Toxicity and prediction of field soil samples
The field soil samples in this study were taken at sites in Plombières (Belgium) and NoyellesGodault (France). A previous study showed that these sites are contaminated with heavy metals (Janssens et al., 2008) , and they measured elevated levels of e.g., Cd, Pb, and Zn. We used a toxicity experiment with 28 days of exposure to determine effect on reproduction, and found an 18% and 70% significant reduction of juvenile production in PLO and Noy compared to LUFA 2.2 reference soil, respectively (Fig. 2) . Our classifier analysis, using the
Figure 1. Hierarchical cluster analysis of the treatments
For each treatment the average log 2 gene expression values were used for hierarchical clustering using (A) all genes, (B) the 188 classifier genes. Clustering with the classifier genes, results in separate clusters for all metal treatments and the two LUFA 2.2 control soils, except for Zn, which is clustered with Pb. The field soil samples, PLO (Plombières) and Noy (Noyelles-Godault), cluster closely to the Co group. Height is a measure of the maximum distance between the clusters.
Figure 2. Effect of field soils on reproduction
The average (n = 5) number of Folsomia candida juveniles per jar after 28 days exposure to LUFA 2.2 reference, Plombières (PLO), and Noyelles-Godault (Noy) soil. Reproduction reduced significantly with 18% (p = 0.035) and 70% (p = 0.00015), in PLO and Noy soil respectively, compared to LUFA 2.2. Error bars indicate standard errors. never measured before. Therefore we measured the Co levels in these field soil samples using flame atomic absorption spectrometry. The results are shown in Table 3 , and reveal very small amounts of Co in these field samples. The highest total concentration of Co is found in the PLO field sample, which is approximately one third of the EC10 spiked soil concentration. For CaCl 2 -exchangeable Co concentrations, PLO contains approximately 1.8% that the Co in the field samples is the dominating factor responsible for the specific gene expression profiles. These field samples contain higher concentrations of e.g., Pb and Zn, which are higher than the EC50 spiked soil samples used in the present study (see Janssens et al., 2008) .
Genes and their functions
The identified classifier in this study contains 188 genes of which 64 had a significant blast hit with public databases (see Supplementary Table S1 ). Gene Ontology (GO) analysis was done to get an overall impression of the molecular function of these genes, and 11 GO terms were found to be significantly enriched, which are shown in Table 4 . The significant GO terms are listed behind the genes of the classifier in Supplementary Table S1 . Although 11 significantly enriched GO terms were identified, several genes overlapped between the GO terms (i.e., several genes have more molecular functions). For example, the molecular functions: RNA helicase activity (GO:0003724) and RNA-dependent ATPase activity (GO:0008186) are represented by the same 10 genes on the microarray. Furthermore, the two genes found in the classifier with the molecular functions: protein carrier activity (GO:0008320) and vitamin E binding (GO:0008431) are the same two genes, which are also part of enzyme activator activity (GO:0008047). See Table 4 and Supplementary Table S1 for all genes that overlap.
Discussion
This study demonstrates that microarray analysis in springtails can discriminate soil samples which contain different metals. The identified classifier of 188 genes predicted all samples of the training set in the correct class, and 10 out of 12 of an independent test set (error rate = 0.17). This emphasizes again that validation of classifiers with independent test sets is always necessary (Quackenbush, 2006) . Interestingly, the two field soil samples were classified as having a Co profile, (except one), but in fact contained only very small amounts of Co.
Instead, high concentrations of e.g., Pb and Zn were measured in these samples in previous studies (Janssens et al., 2008 that has the largest toxic effect on the springtails.
Our classifier analysis has identified many genes, which are likely implicated in metal toxicity. Their transcriptional response is specific for either one, or more metals, and in combination they are able to discriminate between the examined metals. Molecular functions of the genes were identified using blast homology and GO enrichment analysis and may give us insight in which molecular processes are involved in metal toxicity. However, one should keep in mind that the genes identified here, are discriminative for the given classes in this study. Therefore, the genes are not to be seen as differentially expressed or co-regulated in response to metal compared to a control situation as in more traditional toxicogenomic studies. Moreover, one property of the used classifier (USC) method is to remove correlated genes, while GO enrichment analysis is usually applied to identify correlated genes with similar molecular functions. Many of the 188 classifier genes, therefore, might not directly be implicated in metal toxicity, but rather co-regulated (hence correlated) with genes that are.
This study was not performed to gain insight into toxicity mechanisms of metals, and therefore different approaches (experimental designs) are recommended for further elucidative studies. Perhaps noteworthy, however, is that many genes of the classifier encode proteins that contain or bind essential cations. We demonstrate here that gene expression profiles of springtails can be used in classifier analysis to predict metal contamination in soil samples. However, further research is needed in order to apply this classification method to actual field soil samples. This study shows that especially more investigation is needed to understand the transcriptional response to different soil properties and mixtures of toxicants. We identified a set of 188 genes that discriminates between soil samples containing six different metals. Many genes did not have a predicted molecular function based on sequence homology. However, classifier analysis is not dependent on molecular functions of genes. Therefore the classifier genes with currently unknown molecular functions do have a discriminatory function revealed in this study. We speculate that this might be the first step in assigning a possible molecular function to these genes, namely involvement (or co-regulation) in responses to metal toxicity. This should, however, be elucidated with further biochemical characterization.
Supplementary data
Supplementary Figures S1-4 and Table S1 that were referenced in the article are provided as Supplementary data and are available online at http://toxsci.oxfordjournals.org/.
